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Chapter 1

Intro duction

This report documerts the useof Morphological Shared-Weight Neural Net-
works (MSNN) for facerecognitionand their suitability in a functioning face
recognition system. Morphological Shared-Weight Neural Networks are two
stage heterogeneouseural networks that can be divided into a feature ex-
traction stage and classi cation stage. By designingan MSNN structure
that is able to learn a target face, detection can be achieved under various
conditions that occur in real-world ervironments. The use of the MSNN
to accomplishface recognition was extendedfrom previous MSNN researt
in the area of Automatic Target Recognition (ATR). The MSNN is suited
generallywell to object recognition, especially when presened with various
scalesyotations, lighting levels, or occlusionsof the target image.

Most other face recognition methods utilize feature extraction methods
to determine a feature vector encaling represeting a face; then standard

matches are made to the databaseas determined by a similarity measure.



In cortrast, the MSNN analyzespixels that constitute the face image and
producesa con dencethat the presened sub-imageis the trained target.
Many of the existing face recognition approadesrely on consisten lighting
and facial expressionsto ensure high recognition rates. Most other face
recognition technologiesalsorequire a full frontal, un-obstructed view of the
face.

This project shaws that the MSNN can indeed be trained to for face
recognition tasks. Additionally, this is accomplishedwith gray-scaleimages
of low resolution, only 320x240pixels. The primary training image acqui-
sition devicewas a KP-D50 CCD camera,similar to camerasusedin older
closedcircuit security systems. Training was conducted using 31 distinct
samplesof the target face, often in a group photo setting and of various ori-
ertations. The initial testing results shoved an 88.3%detection rate when
the trained MSNN scanneda test image,and 14.5%false positive rate. The
initial testing setincluded the facein group settings, and at various angles,
rotations and scales.

A systemdesignedo usethe MSNN technologyto accomplishfacerecog-
nition must take into accour the strengths and weaknesse®f the manner
in which the MSNN recognizesa face. MSNN performsboth feature extrac-
tion and classi cation; conceptuallyit is a self-conained memory of the face.
Howewer, classi cation is performedin eaca MSNN on a basic target/non-
target basis. Simply, the MSNN can only give the con denceit has that
the presened faceis the target faceit wastrained to recognize.Facerecog-

nition systemsthat encale a face into a set of feature values can create



indexing structures that statistically partition the feature spaceof the ertire
data population. The strengths of the MSNN are in its ability to use low
guality imageswith various capture orientations, making it more suitable
to real world environments. One advantage of the MSNN structure being a
self-conained memory of the faceis that it caneasilybe sharedamongother
systemsthat use MSNN for recognition.

The generalorganization is as follows: Chapter 2 covers the details of
morphology designand previous applications of the MSNN. Chapter 3 pro-
vides a summary of the basic conceptsand approades of many face and
object recognitiontechnologies.Chapter 4 providesthe details and methods
that were utilized to adapt the MSNN from the Automatic Target Recogni-
tion (ATR) domainto FaceRecognition. Chapter 5 discusseghe designof
facerecognition systemcomponerts for usewith the MSNN. Chapter 5 also
provides possiblefuture directions of researt to improve the MSNN for face
recognition and neededfurther work for a generalface recognition system.
Finally, Chapter 6 summarizesthe work and results from the researt into

using Morphological Shared-Weight Neural Networks for Face Recognition.



Chapter 2

The Morphological
Shared-W eight Neural Network

The Morphological Shared-Weight Neural Network (MSNN) is a cascaded
two-phaseheterogeneouseural network (seeFig. 2.1). The rst phaseis a
feature extraction sub-netvork, and the seconds a fully connectedclassi ca-
tion neural network. The feature extraction of the MSNN is performedusing
the gray-scale Hit-Miss Transform, which by de nition is gray-scalevalue
independert [16]. This allows the feature extraction phaseto produce the
sameinput for classi cation giventwo identical sub-imageghat vary only by
intensity. The classi cation sub-netvork is a fully connectedFeed-Forward
Neural Network (FFN). The input of the FFN is the direct output of the
feature extraction sub-nework. The output from the classi cation phase,
and MSNN as a whole, is a two-node output. The rst output node is the

MSNN's con dencethat the scannedsub-imageis the intended target; the



Figure 2.1: The Morphological Shared-Weight Neural Network (MSNN) ar-

chitecture.

secondis the con dencethat it is a non-target sub-image.

Following is a overview of basic binary morphology its extension into
gray-scale,and incorporation into neural network nodesin section2.1. This
is followed by an brief overview of standard Feed-Forward Neural Networks
and bad-propagation learning in section2.2. Finally, this chapter provides

a summary of the previousapplication of MSNN in section2.3
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2.1 Gray-scale Morphology and Feature EXx-
traction

The fundamertals of mathematical morphology have beenapplied in numer-
ous image processingand pattern recognition tasks. The primary function
of morphologyis the extraction of imagecomponerts that are represemativ e
and descriptive of shape, namely for boundariesand skeletons. Morphology
is alsousefulfor pre- and post-processingn the realm of Tters, thinning and
pruning [3]. Morphology is accomplishedwith two primary operations from
which most other morphological operations are derived, Erosion and Dila-
tion. Mathematical Morphology is basedupon Set Theory and the following

notations are usedin the successig discussion:

Translation of A by x : (A)y = fcc=a+ x;8a2 Ag (2.1)
Re°ection of A about its origin : A = fxjx = | a;8a2 Ag (2.2)
Complemen of A : A®= fxjx 2 Ag (2.3)

Di®erenceA-B : Aj B =1fxjx2 A;x2Bg

A\ B (2.4)

All setsin this binary morphology are consideredin the Z?2 super set. This
section cortinueson to dewelop the notion of dilation and erosion (Section
2.1.1), the Hit-Miss Transform (Section 2.1.2), the extensionof morphology
in the domain of gray-scaleimages(Section2.1.3),and nally the implemen-

tation of the gray-scaleHit-Miss Transformin a neural network architecture

11



(Section2.1.4).

2.1.1 Dilation and Erosion
Dilation is de ned as
A©B = fxj(B)x\ A8 Ag; (2.5)

where A and B are setsin Z2 and A is the Empty Set. This is termed the
dilation of A by structuring elemen, or kernel, B. Intuitiv ely, dilation is the
re°ection of B about its origin then translated by x, with the setof all x that

allow B to intersectA with at leastone elemen. Erosioncan be de ned as

Ag B = fxj(B)x M Ag; (2.6)
or

A2 B = (A°©B)° (2.7)

by the duality of the erosion-dilation relationship [3].

2.1.2 The Hit-Miss Transform

The Hit-Miss Transformis a commonmorphologicaltool for shape detection.
It usestwo structuring elemerts, onefor Hit and onefor Miss. The common

notation for the Hit-Miss Transform follows:
A- B=(A2 X)\ (A°@ (Wi X)); (2.8)

whereX is a structuring elemen composedof setB, W is an enclosingwindow

of X, and (W-X) is the local background of X. By de ning X asH the Hit

12



structuring elemen, and (W-X) asM the Miss structuring elemen, we have
A- B= (A2 H)\ (A°@ M); (2.9)
whereB=(H,M). This can be rewritten as
A- B=(A2 H); (AOM) (2.10)

[3] using the equations(2.4) and (2.7).

2.1.3 Morphology Extension to Gray-Scale

To extend the binary morphological operations to gray-scalewe de ne dis-
crete image functions of the form | = f (x;y) to be the intensity value at
coordinate (x;y). In the samemanner our structuring elemerns B becomes
| = b(x;y). Using theseimage de nitions instead of sets,f and b can be
thought of as surfacesin the ZxZ xlI space.More preciselythey can be per-
ceived as 3-D binary setsby way of the Umbra Transform. The umbra of a
function f is de ned asthe setof all points on or beneaththe function [16)].

The Umbra of a 3-D surfacefunction is de ned as
U(f) = f(xy;2)j(x;y) 2 Dy andz - f(x;y)g; (2.11)
where Dy is the domain of x. The gray-scaledilation canthen be de ne as

(f ©b(s;t) = maxtf(si x;ti y)+bx;y)j(si x);(ti y) 2 Dt;(x;y) 2 Dpg:
(2.12)

In the samemanner erosionbecomeq3]

(f 2 b(sit) = minff (s+x;t+y)i bX;y)i(s+x);(t+y) 2 Dr;(x;y) 2 Dpg:
(2.13)

13



In gray-scalemorphology the min and max operators are the equivalert of
intersection and union, respectively, in regular set operations. Won, in [16],

de nesthe Gray-Sale Hit-Miss Transform as
f- (hym)=( 2 h)j (f ©r); (2.14)

which is similar to the binary represemation in equation (2.10). With this
de nition we e®ectiely measurethe t of the Hit surfaceunder an input f
andthe 't of the Miss surfaceabove f . Won providesa proof of the maximal
peak property of the gray-scaleHit-Miss Transformwhenan input, g, is the

imagef from which the transform was constructed[16].

2.1.4 Arc hitecture for Morphological Feature Extrac-
tion

The architecture of a single feature extraction layer of the MSNN has four
primary componerts: Input, Hit-Structuring elemerts, Miss-Structuring el-
emeris, and Feature Maps. The completefeature extraction stageis one or
more of thesefeature extraction layers, ead feedingits output to the next
layer asinput. The rst feature extraction layer usesthe input sub-image
asinput, and the last layer's output is the input for the classi cation stage.
In ead feature extraction layer a set of Hit and Miss structuring elemerts
is sharedamongstall feature maps. Thesestructuring elemeits are encaled
as input weights for the feature map nodesin the feature extraction layer.

The feature map nodes perform the Gray-ScaleHit-Miss Transform on the

14



input from the lower level. The following notation will be usedto descrike

the behavior of the feature extraction sub-nework (from [16]):

ay : the output of nodey
a(x) : the input to a node which is output from node x
ty(X) : connectionsasseiating the node y with node x
tC(x) . Hit-Structuring elemen assaiating node y with node x
t;” (x) : Miss-Structuring elemen assaiating node y with node x

w{,‘(x) . Weight for Hit ass@iating node y with node x

wy'(X) : Weight for Miss assaiating node y with node x

(2.15)

Using theseterms we can de ne the net input for Hit operation in nodey as

_( X hroy . +h ph,)ﬁ.
= wy(x) rfa(x)i ty(x)g : (2.16)

X2 Dly

and likewisethe net input for the Miss operation in nodey as

O x ' D o
net)' = W' (x) rfa(x) it (x)g™" ; (2.17)
X2D1y

With the netg and netJ' we getthe Gray-ScaleHit-Miss Transformperformed
at nodey as

net, = net) i net] = a: (2.18)
Using equations(2.16) and (2.17) and error

1X
E=3 (i Oo); (2.19)

(0]

15



the learning rule for the Hit and Miss structuring elemets is derived in [16]

as
h — -~ @et?
¢t = %G5y (2.20)
— .y @et] |
¢t =i 5 gpay (2.21)

respectively, where

5= H(y) = RW(Y): (2.22)

In equation (2.19) t, is the target node output and O, is the actual node
output. In equations(2.20) and (2.21), "~ is the learning weigh of the net-
work. This delta error, %, is for the top level, or nal, feature extraction
layer. Won providesthe %, for lower layers of multi-layer feature extraction

as
X Ha@eth net] T
B oy :

‘ @(y)  @(y)
By applying badk-propagation of error with theselearning rules, the MSNN

%, = H{y) = (2.23)

learns the desired structuring elemens necessaryto extract some feature,
with ead setof Hit-Miss structuring elemens. The featuresthat arelearned
are determinedthrough the badk-propagation of error from the classi cation
phase. This allows the feature extraction phaseof the MSNN to learn the
featuresthat most distinguish the target sub-imagefrom badkground and

other possiblesub-imagesduring training.
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2.2 Feed-Forward Neural Networks for Clas-
si cation

The classi cation phasesub-netvork of the MSNN is a standard multi-layer
fully-connected Feed-Forward Neural Network (FFN). This sub-netvork re-
ceives,asits input, the output from the last feature extraction layer. During
training of the MSNN, the classi cation error is propagatedbad to the fea-
ture maps. This badk-propagation from the top phaseto the lower phase
allows the re nemert in the lower phaseof the featuresit extracts for the
upper phase. The basicoutput and input for nodesof an FFN are presernied
in Section 2.2.1, followed by the badk-propagation learning rule in Section
2.2.2, common learning modi cations in Section 2.2.3, and nally Section

2.2.4providesthe basicalgorithmic approad to training an FFN.

2.2.1 Basic Equations of an FFN

The generaloutput characterization of somenodej in an FFN is
Oj = f(netj); (224)

wherenet; is
X
netj = Wjioi + blaﬁ (225)
i
In equation (2.25), w;; is the connection weight strength to node j from

node i, and bias is the biasinput for node j. In equation (2.24), f is some

17



sigmoidal function, in the MSNN it is

1

f(ne) = e

(2.26)

2.2.2 Learning with Error Back-Propagation

Feed-Forward Neural Networks typically use badk-propagation methods to
learn the connection weights between nodes. Using an iterative gradiert
desceh that minimizes the error of the output, all connectionweighs are

updated. The error of all output nodes,or total network error, is de ned as
i O)% (2.27)

wheret; is the target output and O; is the actual output. Using calculus'
chain rule and the partial derivative on E, the connectionweight update rule

for ead connectionis derived as

. @
¢wj; = —
! ! Qv
= 40 (2.28)
where
= (t i O)f O(netj) (2.29)
for output layer nodes,and
X
1= fo(net,-) Howii (2.30)

k

for hidden layer nodes[16)].

18



2.2.3 Mo dications to Learning

In addition to the learning rate, various other techniquescan be applied to
help the network convergeto a solution. Two techniquesusedin the MSNN
areregularizationand momertum. Both are meart to help decreasdearning
time (epochs).

Regularization is a common technique to reduce near zero connection
weights to 0. Thereby reducing the complexity of the network, which leads
to better network generalization. The generalapproad to regularization is

the minimization of an assaiated risk from the network model, de ned as
R(w) = Es(W) + ,E (w); (2.31)

where E¢(W) is the learning algorithm performancemeasureand E(w) is
the complexity penalty of the network model [6]. In equation (2.31), the
performancemeasures the total network error from equation(2.27)and , is
the regularization parameter. A commonE.(w) usedfor weight elimination
is

x (Wi=wo)

e L+ (w=ve)?

(2.32)
sw in network

wherew, is a prede ned parameter|[6].
The use of a momertum parameter in the learning algorithm helps to
prevert the oscillation of the ¢ w;; in equation (2.28). Using a momertum

parameter,®, the weight updating rule is generalizedto

wi(n+ 1) = wi(n) + @wi(ni 1]+ )y’ P(n): (2.33)
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In equation(2.33), provided by [6], the superscript denotesthe network layer
and the (n) denoteslearning iteration. As a result, the updating of Wj(li) be-
comegdependert onthe previousiterations, e®ectiely preverting oscillations
of the type:

wi(ni =i wi(n)=win+ 1) (2.34)

2.2.4 Training the FFN

Training a FFN involves submitting training samplesto the input nodes of
the neural network, measuringthe error of the output, and propagating the
error from the output bad through all the connections. This is repeated
until the network corvergesto a stable state with someerror lessthat ",
where" is the desiredstopping error. Generally the value of " is tailored to
prevert over- tting of data, which causesa lossof generality in the network's
classi cation ability. There are two primary weight updating methods, batch
and online. Batch updating sumsthe error for an ertire training epoch and
badk-propagatesthe error at the endof the epoch. Online learning propagates
the error from ead training samplein the epoch bad through the network.
Obviously, asthe number of training samplesincreasesthe time cost of eath
epoch during online updating increases.Howeer, it is commonly noted that

online training generallyrequiresfewer epochs [6].

20



2.3 Previous Applications of the MSNN

Morphological Shared-Weight Neural Networks have beenapplied to numer-
ousinput patterns including laserradar (LAD AR), forward-looking infrared
(FLIR), synthetic aperture radar (SAR), and visual spectrum images. In
previouswork MSNN has beenshown to be robust at detecting targets de-
spite rotation, image intensity translation, and occlusion [7]. Most all of
the previous work has involved Automatic Target Recognition (ATR) re-
seart. Previous recognition objects have included handwritten numerical
digits, tanks, busses,Chevrolet Blazers, Surface-to-Air Missile (SAM) sites,
and a small autonomousrobot.

Won demonstratedin [16] that the two phasearchitecture trained with
many fewer epochs than a stand-alonefeed-forvard neural network. Won
alsodemonstratedthat learning the weights of the structuring elemerts, ver-
sususing°at structuring elemerts, asthe input to the feature mapsproduces
superior generalizationcapabilities. As well, corvergencewas much faster,
with the resulting network having higher classi cation rates. Won also pro-
videscomparisongo Minimum-Average-Correlation-Energy MACE) Tlters,
demonstrating the superiority of the MSNN.

It was demonstrated that MSNN is better suited to learning a single
target, than generalizingto many di®eren types of targets. In their rst
experiment, Khabou et al.[7] trained the network on 89 target imagesfrom
LADAR training data. When the trained network was run against testing

data it detected75 of 86 possibletargets, with 133falsepositives. However,
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when trained on only the 36 tanks in the training data, the testing data
resultedin 30 of 30tank detections,with 45 falsealarms. Their third exper-
iment conductedwas the Sims scenario,using limited imagesfrom a °ight
sequencedo quickly train the MSNN; then it was tested against a separate
°ight sequencdor the sametarget. They also provide evidencesupporting
the superiority of MSNN over MACE lters and standard Shared-\W\eight
Neural Networks (SSNN.

The experimerts conductedby Won et al. [18] con rm that the MSNN,
can be trained more quickly, and is more accurate than standard SSNN
of identical architecture. Their experimerts comparedthe performance of
an MSNN trained for 1000 epochs, to that of an SSNN trained at 4000
epochs. Basedon the idertical setsof training data, the MSNN consistertly
outperformedthe SSNNin both detection rate and false alarms. They also
demonstratedthe ability of MSNN to be robust with respect to detection
range, the sizeof target in image. They also demonstratedthe translation
invariant detection properties of the MSNN using gray-scaleshifted testing
images. The MSNN maintained its performance, but the SSNN was not
able to detect gray-shifted targets. Using a Chevrolet Blazer training and
testing set, Won et al. were able to demonstrate the performanceof the
MSNN when dealing with various degreesof target occlusion. The MSNN
had predominartly higher detectionratesacrossall levelsof target occlusion.

Haun et al. [5], demonstratedthe usability of MSNN in a robot vision
ervironmernt. Their experimerts were conductedon a Nomadic Tednologies

robot, using a KP-D50 CCD camerato acquire gray-scaleimagesfrom the
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robot's ervironment. The target object of this experimert wasanother small
robot. They trained numerousnetworks of various structure in the feature
extraction phase,varying the structuring elemen sizeand number of feature
maps. Their resultsshoved accuracyranging from 128of 128detectionswith
2 false alarms, for both the 7x7 and 5x5 structuring elemer, ead using 4
feature maps;to a low of 126 of 128 detectionswith 11 falsealarms, using a

3x3 structuring elemen with 4 feature maps.
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Chapter 3

Overview of Face Recognition

and Curren t Techniques

Most human face oriented computer-vision researtt deals with detection,
veri cation or recognition. Someconceptsthat have been applied include
Eigenfaceq15],[1]], template matching paradigms[17], probabilistic similar-
ity measureq12], [9], [11], and morphologicalshape decompsition [8].
Face Detection is de ned in [19] as\Giv en an arbitrary image, the goal
of face detection is to determine whether or not there are any facesin the
image and, if presen, return the image location and extent of eat face."
One approad is the knowledge-basednethod of rule evaluation. However,
this approad relieson a setof consistenciesn the mannerin which facescan
be descriked. Another method extracts or generatesspeci ¢ feature values
of a candidate image region, as a precursorto face detection. This ideais

strongly groundedto the selectedfeatures,which may or may not limit the
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e®ectienessand resistanceto falsealarms. The template matching methods
attempt to create a generalizedface mask, represemativ e of facial features.
Given an input image the template will seeka pixel correlation. Template
matching has beenfound inadequate, by not handling variations in scale,
orientation, and shape [19].

Face veri cation is simply face recognition scaleddown to a two class
domain. Givenaface,is this the faceit is purported to be? The approad to
faceveri cation in [14] is basedon breaking a facedown into morphological
componerts, or shapes,basedon morphologicalskeletonsand shape decom-
position methods. A primary assumptionof this approad is that the face
will be seenas straight ahead,in completely upright position.

Other face identi cation methods utilize a normalization procedure to
model the face to the appropriate orientation and scale. Face recognition
and other imageretrieval methods commonin commercialsoftware usesome
combination of the above methodsto perform feature extraction, then seart
and rank results basedon a particular feature vector similarity measure.

Most conceptsdiscussedabove were formed around the ideathat design-
ers or experts should decide which featuresto extract when learning and
attempting to recognizea face. The approad of Eigenfacesis to allow a
connectionistmodel to learn which featuresof a group of facesbest setthem
apart from ead other. This approad transforms a faceimage into a small
characteristic set feature space(termed face spae). The transformed Eigen-
faceis the set of principal componerts of the image face. Facesare then

classi ed and comparedby their relative positions in face space [15. The
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signi cant impact of this approad wasthe ability of a systemto learn what
\features" were best, as opposedto using the designers'intuitiv e notions of
the best features. Much of the follow-up work, extends Eigenfacesto in-
clude probabilistic matching [11], 3-D surfacemeshing[9], and applying the
Gabor Tter prior to principle componert analysis[1]. Howewer, Eigenface
approathesbecomeincreasinglyerror prone as a target face °uctuates from

the trained orientation and lighting levels[15].
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Chapter 4

Face Recognition with the

MSNN

To successfullytrain an MSNN to recognizea face, a sutcient structure
needsto be designedand encaled into the parameter les. Additionally,
good training data that is represemativ e of the target faceand suppliesam-
ple counter examplesmust be acquired. Two primary programswere utilized
in the dewelopingthe MSNN asa facerecognitionapproad; the training pro-
gram and the scanningprogram. The training program utilized training data
to producea weight Te that represeis the connectionweighs of the MSNN.
The scanningprogramloadsthe weight "Te and processean input imagepro-
ducing a seriesof output images. This chapter proceedsrom hereto descrike
the various structures of the MSNN that were found to best accomplishface
recognitionin Section4.1. Section4.2 provides a detailed description of the

parameter les usedby the training program. Section4.3 describesthe train-
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ing data. Section4.4 provides a description of scanningparametersusedby
the scanningprogram. Section4.5 givesa detailed explanation of the vari-
ousprograms,including basicalgorithms, and modi cations that weremade.

This chapter is concludedwith testing resultsin section4.6.

4.1 MSNN Structures, Beginning to Present

41.1 Feature Extraction Phase

When de ning the structure of the MSNN there are two sub-netork struc-
tures to consider: the feature extraction and classi cation networks. The
“rst sub-netvork, for feature extraction, is a seriesof feature extraction lay-
ers. Eadh layer employs a seriesof feature maps that produce the results
of the gray-scalemorphologicalHit-Miss Transform on their input. The Hit
and Miss structuring elemerts are implemerted by meansof the connection
weights (seeSection2.1.4). There are four key parametersto considerwhen
designingthe feature extraction sub-netvork: input sub-imagesize, under-
sampling, structuring elemen size,and number of feature maps.

The input sub-imagesize has various e®ectson the recognition ability
as a whole. If a sub-imageis too small, there will not be enoughdetail to
di®ereniate the target face from another face. If the dimensionsare too
large, the training and scanningtimes increasesubstartially. Through some
initial experimertation, an input sub-imageof 30 pixels in width and 40

pixelsin height hasbeenfound to be adequate. This resultsin a total input
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sizeof 1200pixels.

Under-samplingis a utilized to reducethe information and sizeof an input
image. There are numerousmethods to under-sampleimage data including
averaging pixel neighborhoods, and selective sampling. The MSNN uses
selective sampling in which it usesthe under-sampling parameter to only
read every n" pixel. For example,an input imagethat is under-sampledby
2 will readthe rst pixel and skip the next asthe imageis moved into the
MSNN input bu®ers.This resultsin ertire rows and columnsbeing unused.
The result of under-samplinga 30x40 input by 2 is a 15x20 input image.
When reduction in dimensionresultsis a non-natural number, it is rounded
up. Aa another example,the same30x40 input image under-sampledby 3
resultsin a 10x14 input image.

Another primary concernwhen designingthe structure of the Feature
Extraction phaseis the sizeof the structuring elemerts, or kernels. Generally,
theseare designatedwith odd dimensions,allowing a speci ¢ pixel to be the
origin (i.e. 5x5 hasorigin at pixel (3,3)). Thesecan be thought of askernels,
sincethey are applied computationally similar to corvolution kernelsin other
image processingtasks (seeSection 2.1). Intuitiv ely, the larger the kernel,
the more complexa surfaceit canmodel. Howeer, the sizeof the kerneldoes
a®ectthe overall training time to a small degree.An additional property is
that ead feature map hastwo identical sizekernelsfor eat speci ed in the
design,the Hit and Miss structuring elemerts.

The feature mapsof the extraction phasearethe nodesthat utilize the Hit

and Miss structuring elemerts, by way of connectionweights, to perform the
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(@)

(b) (©)
Figure 4.1: Comparisonof Under-SamplingResultart Input Image Size: (a)
30x40 input sub-imagewith no under-sampling, (b) the sub-imageunder-

sampledby 2, (c) and with under-samplingof 3.
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gray-scaleHit-Miss Transform. The output of the feature maps provide the
input for the next layer, beit anotherfeature extraction layer or classi cation
phase. A key speci cation is the number of feature extraction layers, and
number of feature mapsin ead layer.

The initial designsettings included kernels of the dimension 3x3, using
two time under-sampling,and four feature maps. Our input sub-imagewas
set to be 30x40 pixels. Through numerousexperimerts it was determined
that the initial under-sampling,number of feature maps, and sub-imagein-
put sizewere adequate. Howewer, it was determinedthat larger structuring
elemens of various sizeswere needed. The end result was that two feature
maps use 9x9 structuring elemerts and two use 7x7 structuring elemerns.
Through experimentation it was also determinedthat only a single feature

extraction layer was needed.

4.1.2 Classi cation Phase

The classi cation phaseFFN takesits input directly asthe output from the
last feature extraction layer of feature maps. Using the parametersde ned
for the feature extraction phase, speci cally input sub-imagesize, under-
sampling and number of feature maps, the size of the FFN input is deter-
mined. Given the 30x40 input, under-sampledto 15x20 (300 pixels) and
four feature maps, is 1200input nodes. Initially , the parametersthat were
adopted from previous parameter les setthe FFN to have a con guration

of 1200input, 2 hidden, and 2 output nodes. Evertually, the classi cation

31



was modi ed to cortain two hidden layers, both of eight nodesead. This
expansionof the hidden layers of the FFN drastically reducedthe needed
training epochs and increasedthe accuracy Other con gurations of hidden
layerswereexperimerted with, but the 8-8 hidden structure provedto bethe
best balancebetweentraining time, or scanningtime, and accuracy Figures
4.3 and 4.4 provide a comparisonof the Detection Image Plane produced by
two MSNN, onewith a 2x3 hidden layer and one with the "nal 8x8 hidden
layer. Each imageprovidesa sequencef DIP images(seesection4.5.2) over
regular intervals to demonstratethe cornvergenceof the network in learning

the target face.

4.2 Training Parameters

Table 4.1 is a listing of the parametersusedfor the latest face recognition
MSNN structure. The parameterslisted directly correlateto the discussion
of the architecture in Section4.1 and the equationsin Sections2.1and 2.2.
The correspnding training parameter le is provided in Appendix A.1. This
training ‘Te wasusedwhile varying the learningrate from 0.05down to 0.005,
resulting in a network capableof recognizingthe target even when wearing

sunglassegseeFig. 4.6).
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Parameter Value Purpose

lambda 0.1 the regularization parameter,, eq. (2.31)

nlayer 4 number of layersin the FFN

Layer.in .out 12008 8 2 | the number of nodesin ead layer of the
FFN

Irate .05to 0.005| learning rates,” egs. (2.20,2.20,2.33)

moment 0.75 momertum, ®, eq. (2.33)

maxep 100 maximum number of epochs to train

Stoperr 0.05 the stopping root meansquarederror

in_img_y and x 40 30 dimension, rows X cols, of input sub-
image

nfm_layer 2 number of feature extraction layers, in-
cluding input

nfmap_in 14 number of feature mapsin ead layer

under_sample 2 under-samplerate, ead layer

win_x andy 99 structuring elemen size, one pair per
feature map

Table 4.1: Training Parameters
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4.3 Training Data

To train the MSNN to recognizea target facea number of imagesare needed.
Theseimagesshould together supply the MSNN with a variety of orienta-
tions of the target face and numerousnon-target faces. During training 34
imageswere used, of these, 31 cortained the target face. The various orien-
tations for training should include the face at di®eren anglesfrom cenrter,
varying degreesftilt, and combinations of the two. The non-targetfacesare
necessaryfor the MSNN to learn to di®ereniate the target facefrom other
faces. More precisely the MSNN can specializethe feature extraction for a
speci ¢ face.

All training and testing imagesare in the Unix PGM format, which is
a single byte per pixel gray-scaleencaling. The gray-scalerangeis from 0
to 255, with 255 being white. Appendix B provides the complete training
database.The target certer point for ead imageis designatedin the param-
eter le of Appendix A.1. It canalsobe noted that images\samTest1l.pgm",
\samTest2.pgm", and \ew51.pgm" are non-target images. Additionally, it
can be seenthat most of the training imagescortain multiple facesto in-

creasethe amourt of non-target training data.

4.4 Scanning Parameters

The scanning parameter le is much smaller than the training parameter

le. The scanning parametersconsist solely of the neededinformation to
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reconstruct the MSNN and the image le to be scanned. Appendix A.2

shaws a completescanningparameter le.

4.5 Programs & Output

There are two primary programsthat are utilized for this researa, the train-

ing program and the scanningprogram. The training program readsa train-

ing parameter Te (seeAppendix A.1) and constructs an empty MSNN in
memory Dependingon the training parameters,a previously createdweigh
‘Te is usedto initialize the connectionweights or they are randomly initial-

ized. The training Te then loadsthe training imagesinto memoryand begins
bad-propagation learning. When the training is complete, the connection
weights of the network are saved to a le asdesignatedby the parameters.
The scanningprogram works in a similar manner. It rst readsthe scanning
parameter le and constructsan empty MSNN in memory. It then loadsthe
connectionweights from the speci ed weight Te. The nal stepis to load the
imageto be scannedand processead pixel using the areaaroundit de ned

by the input sub-imagesize.

4.5.1 Code Mo di cations

Numerouscustomizationswere madeto the programs, particulary the scan-
ning program. The original program simply applied the threshold Target
Aim Point (TAP) over the input image. This program would also lower the

threshold and re-scanin the evert not enoughpixels were over the thresh-
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old. Two major modi cations were made, resulting in somedi®eren output
images. The rst was an adaptation that applied somepost processingto
seard the DIP image for the largest connectedcomponen, after threshold-
ing. This allowed random badground hits of a few pixelsto be Ttered out.
Additionally, code wasaddedthat would createa newoutput image,referred
to asa BOX image(seeFig 4.2(d)). This image usesthe samepost process-
ing on the DIP, and would Tter down to a singlepixel in certer of the largest
connectedcomponert. Then a box the sizeof the input sub-imagesizewould
be drawn around that pixel. In e®ect,drawing a 30x40pixel box around the
target face. The last modi cation wasan adaptation, that removed the por-
tion of code that resultedin the lowering of the threshold. Additionally, this
scanprogram allowed commandline override of the default threshold. The
programthat built the MSNN structure and trained on the input imageswas

only modi ed for the purposeof porting to another system.
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(a) (b)

(©) (d)
Figure 4.2: Standard Input and Output Imagesof the MSNN: (a) a typical
testing input image; (b) the Detection Image Plane (DIP) produced by the
MSNN for the input image (a), the output in the con denceinterval [0,1] is
mapped to [0,255]gray-scale;(c) an output imagefrom the MSNN with face
recognition points marked by white pixels, whereMSNN con dencewas over
0.94,0r 240in Gray-scale;(d) is the resulting BOX image producedaround

the certer of the strongestdetection point.
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Input Image Filename Output Image Filenames

TestScan.PGM TestScanDIP240.PGMthe Detection Image Plane
TestScanSI1240.PGMthe threshold overlay onto the input
image

TestScanB(XX240.PGM, the boxed target overlay
TestScanERODE240.PGM, binary represemation of ulti-
mate erosionof the DIP

TestScanSR240.TXTa listing of the DIP coordinatesover
the threshold

Table 4.2: Output Image Filenames,the exampleassumeghat a threshold

of 240 gray-scalewas speci ed.

4.5.2 Detection Image Plane Output Images (DIP)

The Detection Image Plane (DIP) is the gray-scale represetation of the
MSNN con denceof nding a target certered at ead pixel coordinate. The
original DIP internal to the program is correlated by coordinates to the
input image. It is the setof con dencevaluesfrom the target output node of
the MSNN that the input sub-imagecertered at ead pixel is a target, where
DIP(x;y) 2 [0;1]. To producethe output image,this 2-D array of con dence
valuesis linearly mapped into gray-scale. The mapping to generatevalues
suitable for Unix PGM format is DI P(x; y)255. This conformsto the single
byte per pixel represetation of PGM. The result is the DIP image, which

is named similar to the input image, with DIP identi er appendedto the
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name. Table 4.2 provides an exampleof the naming schemeproduced from

an exampleinput image.

39



(a) (d)

(b) (e)

(©) (f)
Figure 4.3: Training progressionof an early classi cation phasestructure, a
2x3 hidden layer: (a) the input imagethat was scannedby the MSNN; (b)
the output DIP imagefrom the MSNKRGcanof (a) after 25 epochs of training;
(c) after 50 epochs; (d) after 75 epochs; (e) after 100 epochs; (f) after 125
epohcs.



(a) (d)

(b) (e)

(©) (f)
Figure 4.4: Training progressionof the nal classi cation phasestructure, an
8x8 hidden layer: (a) the sameinput image as Figure 4.3 that was scanned
by the MSNN: (b) the output DIP ifffage from the MSNN scanof (a) after
25 epochs of training; (c) after 50 epochs; (d) after 75 epochs; (e) after 100
epochs; (f) after 125 epohcs.



4.5.3 Threshold Overlay Output Images (SI)

The thresholdoverlay imageis the Sl output image,asshawn in Figure 4.2(c).
This imageis acquiredby usingthe 2-D DIP array of con dencevalues,after

thresholding. The generalalgorithm for generatingthe SI imagefollows:
1. Copy input imagearray into Sl imagearray
2. For ead coordinate in the DIP
3. If (DIP(x;y)a255), threshold

4. SI(x;y) A (DIP(x;y) a255)
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4.5.4 Boxed Target Overlay Output Images (BO X)

The box overlay imagewas primarily dewveloped for demonstration purposes.
It provides a simpler understanding of what is accomplishedby the MSNN
for personsnot interested in the discussionof con dence and thresholds.
The motivation for this output image was the annual E-Weektours at the
University of Missouri, where the predominant audienceis high scool or
younger children. The primary methods that are usedto producethe BOX
imageis post processingof the 2-D DIP array after it hasbeenthresholded.
Initially , the 2-D array that becomedhe BOX imageis a gray-scalemapping
of the DIP. This mapping is given to an erosionfunction that zerosout all
coordinates, or pixels, that are not in the neighborhood of a cluster of other
pixels over the threshold. All pixelsthat arein an acceptableneighborhood
are setto 255gray-scale,or maximum white. The areaexaminedis the 2x2
neighborhood with the current pixelsin position (0,0). Scanningtakesplaces
in a left-to-right and top-to-bottom order to prevernt from using previously
modi ed valuesin the calculationsfor subsequen pixels.

From this point the 2-D box array has been corverted into a binary
represemation of the DIP, with the cut-o®at the threshold. The BOX array
is further processedo determinethe 4-connectedcomponerts?, and location
of the largest connectedcomponert. All connectedcomponernt regionsnot
the largestare then removed from the array. The nal erosionof this largest

region down to a single pixel is usedto create the EROSION image listed

1See[3] for detailed explanation of 4-connectedcomponerts.
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in Table 4.2. The coordinate of this single pixel becomeshe certer around
which a white box is draw over the input imageto createthe BOX image.
Figure 4.5(a) and (b) shov examplesof the BOX output image. The general

BOX imagealgorithm follows;

1. For ead coordinate in the DIP

N

BOX (x;y) A (DIP(x;y) a255)
3. Erode BOX array

4. For ead coordinate in BOX

5. nSum A Sum the valuesof 2x2 pixel neighborhood
6. If nSum , threshold = requiredStrength

7. BOX (x;y) A 255

8. ELSEBOX(x;y) A 0

9. Find Largest Region

10. Erode Largest Regionto single pixel

11. Usesingle pixel to draw a box over the input image
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(a) (b)

(©) (d)
Figure 4.5: Example output imagesshawing the range of facial sub-image
size variance capabilities: (a) BOX image example of maximum distance
recognition, the target is 2.5metersfrom the camera;(b) BOX imageexample
of minimum distancerecognition, the target is 0.75metersfrom the camera;
(c) the threshold overlay from the samescanasimage(a); (d) the threshold

overlay from the samescanasimage (b);.
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455 Other Output Files

There are two other output Tes generatedby the MSNN, the ERODE image
‘le and the SRtext le. The ERODE imageis the graphical interpretation
of the 2-D array in-which most of the post-processingtakesplace. It begins
as the binary image created from applying the threshold to the Detection
ImagePlane;then the largestconnectedcomponert is determinedand eroded
to a single pixel. This image is primarily for debuggingpurposes,and is
not extremely useful for other matters. The nal Te that is output from
the MSNN is a character basedtext le that is a listing of all the image
coordinatesthat wereover the thresholdin the Detection Image Plane. Also

listed in the Te is the threshold that was applied during processing.

4.6 Results & Testing

Three setsof testing have beenperformedon the MSNN that wastrained to
recognizedthe target face. First was generaltesting which included various
scales,orientations and someocclusionsof the face. All of test imagesfrom
this set are group settings with the target face accompaniedby other faces.
The next set of testing was a speci ¢ seriesfor testing the occlusion han-
dling capabilities. And nally, a third setwas deweloped to test the various

rotations of the face.

46



Figure 4.6: Testing of facerecognition ability: the input imageis marked in
white pixels by the MSNN where it has detected the target face; here the

target is wearing sunglasses.

4.6.1 General Testing

The results were very positive oncethe MSNN structural composition was
determined. Testingwasperformedon 128images,all of which wereacquired
in the Computational IntelligenceLab usingthe KP-D50 CCD cameraof the
NOMAD robot. Thesetest imagescortained 113instancesof the target face
at numerousorientations, and 269 non-target faces. All of theseimagescan
be found in Appendix C. Many of imagesfrom this set tested the various
capabilities of the MSNN as descriked in [16. Someimageswere used to
measurethe ability of the network to recognizethe target in various orien-
tations to the camera,including over 45 degreespro le from certer. Using
a gray-scalethreshold value of 240 for the DIP, a recognition rate of 88.5%
was achieved. In the 128test images,falsealarmsin the image badkground

were labelled a face only 28 times. There were 39 false-psitives, marked
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recognition of a wrong face, given 269 possible other faces, resulting in a
false-positive rate of just 14.5%. All 39 false-psitiveswere on two individu-

als' faces. Neither of the individuals falsely marked as the target face were
in the training data as courter-examples,it is believed that a more diverse

set of courter-exampleswould greatly reducethis problem.

4.6.2 Occluded Target Testing

In addition to the generaltesting data set, a set of imageswascaptured using
a Logitech QuickCam 3000proto test occludedtarget hit rates. Theseimages
were speci cally focusedon occlusionand were usedto plot the degression
of the hit rate as occlusionof the target faceincreased. For this testing set
the facewas captured in straight aheadorientation with increasingamourts
of occlusion. Imageswere grouped by perceriile of occlusionto the nearest
10%. Figure 4.7 plots the target hit perceriage againstocclusionpercernage,

and Figure 4.8 provides examplesof recognition through occlusion.

4.6.3 Orien tational Variance Testing

The nal set of testing performed was with a set of imagesspeci cally de-
signedto measurethe e®ectivenessof the MSNN in recognizingits target
facethrough 90* of rotation. The rotation angle started at 45" to the right
of certer and progressedo 45 to the left. Figure 4.9 shaws the results, the
skew can be attributed to more of the training data showing the target ro-

tated to the left, versusright. In the graph, 90* is usedto represen a target
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Figure 4.7: Decreasdn Recognition Through IncreasingOcclusion

facing straight ahead,45* and 135" areleft and right orientated, respectively.
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(@) (€)

(b) (d)
Figure 4.8: Example output imagesshowing target face recognition under
various occlusionscenes:(a) a scenewith target face partially occluded by
a balloon; (b) another balloon occlusionscene,with lessvisible target face;
(c) scenewith a hand occluding a di®eren portion of the target face; (d)
scenewith target facein a non-straight orientation and wearingthick-rimmed

glasses.
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Figure 4.9: Recognition During Face Rotation from 45" through 135,
straight aheadis 90
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(@) (€)

(b) (d)
Figure 4.10: Example output imagesshawving target face detection under
various facial orientations: (a) the target facerecognizedand marked while
in a left facing orientation; (b) the target facelooking slightly downward; (c)
aforward looking facematching scenejd) target with aleft tilted orientation
in the scene.The image (b) alsoshavs an exampleof a typical false-alarm;

on the hand in the lower right of the image.
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Chapter 5

Design of Face Recognition
System Comp onents and

Contin uing Impro vements

Incorporating the MSNN technology into a facerecognition systemrequires
the three primary componerts that could be implemerted in a variety of
architectural approades. The primary componerts that are involved are
the image or signal acquisition, image processing,and a databaseof related
information. These componens are descriked in Section 5.1. A training
application was deweloped that utilizes these various componerts in a dis-
tributed architecture to accomplishremote training of an MSNN. Howe\er,
to dewelop a fully functional face recognition system using MSNN various
issuesmust be resohed through further researt. At the current level of de-

velopmern the systemwould have to scanead ertire imageagainstall stored
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MSNN. Continuing work and future researt ideasare discussedn Section

5.2.

5.1 Comp onents of the Face Recognition Sys-
tem

The designof this systemwas divided into three primary componerts, the
image acquisition, image processor,and database. The image acquisition
componert is the interface betweenthe system processingand the user or
input devices. The image processorperforms all task related to process-
ing images, either training or scanningtasks of the MSNN. The database
senesasthe information hub connectingstored MSNN weight Tes with any
additional information. Figure 5.1 shows the general organization of the

componerts and their interaction in the system.

5.1.1 Image Acquisition

The image acquisition componert is a userinterface and media sourcehan-
dler, and can be conceptualizedas a front-end for the system. Additionally,
it communicateswith the image processorto accomplishvarious task suc
astraining a new MSNN on a target face,or requestingan imagebe scanned
against the available stored MSNN library in the future. This componen
currently interfaceswith a Universal Serial Bus (USB) camerato acquirea

video signal. The video signalis then sampledwith a \frame-grabber" to re-
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Figure 5.1: Face Recognition System Componert Interaction. Note: The
various componerts bring the enities that comprise the system together

without allowing them to directly interact with ead other.
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trieve the data that will becomethe image. This imagecanthen be passedo
the imageprocessingcomponert to further the intended operations. The de-
velopedclient is alsousedto designthe structural composition of the MSNN.
It providesa graphicaluserinterfacethat allows a userto modify the various

aspects of the MSNN architecture as described previously in Chapter 4.

5.1.2 Image Pro cessor

The imageprocessorcomponert is responsiblefor two primary tasks, training
a MSNN for a newtarget faceand scanninga givenimageagainstthe current
collection of trained MSNN. Additionally, the image processorprovides all
interaction with the databasecomponert. This designresultsin the image
processormworking as both a middle and badk-end componert in the system.
For training, this componert will receiwe from the front-end a set of training
parametersand a collection of training images. An appropriate training
parameter le canthen be generatedand the MSNN training program will
be invoked. To scanan image, this componert will receiwe only that image
from the front-end and will query the databasefor the necessaryweight les
to conduct scanning. It canthen generatethe necessaryscanningparameter

“Te and invoke the scanningprogram.

5.1.3 Database

The databasecomponert of the system can vary depending on needs. It

could be a simple Te store of trained MSNN, or a le store and complete
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databasemanagemen systemthat cortains a wealth of information about
individuals that have beenlearned. For the training system deweloped, a

basic Te store of MSNN weight Tes was utilized.

5.2 Continuing Work and Future Impro ve-
ments

There are numerousareaswhere work will cortinue and improvemerns are
possible. Theseimprovemens rangein scoge from the underlying programs
that train an MSNN and scanimages,to the cortinuing developmeris needed
at the application level.

Some basic improvemeris will socon be made to the way in which the
MSNN is trained. the current method of under-samplinginput sub-images
is lessthan desirable. By simply fetching every n' pixel value and skipping
over ertire rows and columns,imagenoisecan prove problematic. A method
of reducingthe input sub-imageto the under-samplesizewith neighborhood
averagingmight possiblybe a better alternative. A secondmprovemert that
should improve the training time and reducethe false-psitive detection rate
would be the adaptation of the training program to allow for the speci ca-
tion of non-target sub-images,or training courter-examples. Currently, the
training program considersewerything that is not a training target simply
badkground. By populating the courter-exampletraining with precisenon-

target faces,the resultart MSNN should be more resistart to false-psitives.
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As an extensionof this work, methods could be deweloped to utilize mul-
tiple MSNN for ead facerecognitiontask. A primary examplewould be the
useof multiple MSNN, ead trained with target facesin disjoint ranges. This
would lead to an increasedtarget depth window in which recognition could
take place. A more complexuseof multiple MSNN is the useof segmeting
and fuzzy fusion. By training various MSNN on segmets of the face (i.e.
eye region, mouth and chin, noseetc.), the con dencesof theseMSNN could
be fusedinto a singlecon dencevalue that represetts the recognition of the
desiredtarget.

Following from the possiblesoft computing method mertioned above, the
fuzzy integral would provide an ideal medanism to combine con dence of
MSNN output over time. This could be utilized in an ervironment where
a target faceis acquired and tracked acrossan image scene. The resulting
con dencewould re°ect the cumulative recognition of the target face from
the MSNN acrossa temporal spectrum. A signi cant aspect of this approad
would be the reduction of the random badground false alarms.

Many of the improvemeris in the nature of target scanningrequirethat a
major improvemer be implemerted at the application level - faceisolation.
An input imagemust be pre-processedo be reducedto just a faceto beran
againstthe MSNN. The e®ectwould be that the MSNN scanningapplication
only receives a portion of the original image that completely cortains the
face. An obvious improvemen of this would be the reduction in scanning
time asthe imageis processedby the MSNN. There exist various researt

that focuseson detecting all facesin animage, many using a neural network
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approad, see[19 for example.

Possibly the most important improvemert neededto implemert a real-
time face recognition system using the MSNN is overcomingthe lack of a
suitable indexing structure that worksin conjunction with the MSNN. Many
current facerecognition approahesare well suited to simple indexing struc-
tures due to the manner in which they codify the face image. Any face
recognition method that represems the faceasa vector of features,sud asa
PCA approad, canbuild an index over the ertire databasepopulation. The
MSNN takesa reverseapproad to the featurevector; instead of encading the
faces,the recognitionability is encadedin the MSNN. The primary direction
of researt that can overcomethis is the developmen of an MSNN structure
that providesan output con dencenode for ead facein the database.More
precisely a indexing medanismthat usesthe MSNN feature extraction lay-
ersto feeda neural network that classi esamongstnumerouspossibletargets

simultaneously
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Chapter 6

Conclusion

An overview of Morphological Shared-Weight Neural Networks (MSNN) has
been provided in Chapter 2. It has been demonstrated that the MSNN
is a two phaseneural network that performs both feature extraction and
classi cation. The foundations of the feature extraction are basedon the ex-
tension of the morphologicalHit-Miss Transforminto gray-scalemorphology
by meansof the Umbra Transform The conceptof the Hit-Miss Transform
is implemerted in the MSNN's feature extraction phasethrough a seriesof
Hit and Miss structuring elemen pairs for ead feature map. The endresult
of the feature extraction is then passeddirectly to the classi cation phase,
which is implemerted as a standard feed-forvard neural network. Also cov-
eredis a brief overview of the previousapplicationsand researt utilizing the
MSNN.

Chapter 3 provided a generalizedreview of current face recognition re-

seard. This review demonstratesthe concertration of facerecognitiontech-
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niguesin the areasof speci ¢ feature extraction and face coding. This is
in direct cortrast to the mannerin which the MSNN learnsto recognizea
facethrough the coupling of learnedfeature extraction and classi cation. An
essetial aspect of facerecognitionwith the MSNN is that the faceis not en-
codedinto the system. Instead, the learnedconnectionweigtts of the network
more accuratelyrepresem the ability to correctly extract and classifythe fea-
tures of a particular face. Our initial generalizedesting shaved a recognition
rate of 88.5% using a threshold of 240 gray-scale,or 0.94 con dence. It is
believed that by implemerting variousimprovemerts, asdiscussedn Section
5.2, hit-rate and false-positive rate could both improve signi cantly.

The facerecognitionsystemcomponerts preserted in Section5.1 provides
the groundwork for an initial system. The primary needfor this designto
transition into a high-performancesystemis the developmen of a compatible
indexing structure and the use of face localization (as discussedn Section
5.2). Overall, there are various areasin which possibleimprovemernts, both
major and minor, canbe further researbed. This researt hasdemonstrated
that the Morphological Shared-Weight Neural Network is a suitable technol-

ogy for deweloping facerecognition systems.
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App endix A

Parameter Files

A.1 Training Parameter File

Regularization parameter (lambda): 0.1

No. of Layers Feedforvard Net, Including Input (nlayer) : 4

No. of Units in Each Feedforvard Layer (input to layer O, output from layer
0, output from layer 1) (HO_layer]i].nin and .nout) : 1200882
Learning Rate (Irate) : 0.005Momertum (momert) : 0.75

Updating Rule(On-line ‘o', Batch 'b") (update) :o

Training Order(Sequetial 's', Random Order 'r') (trseq) :s

Maximum No. of Training Epochs (maxep): 100

Number of epochs after which the weights are saved (save_epoch): 5
Stopping RMS Error (Stoperr) : 0.05

No. of subimagesrandomly selectedfor eat target and badkground (even

number) (npatt): 8
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Intervals Showing Learning Progress(Show Interval) (show_int) : 1

Random Seed(forretraining userseed=0,for initial training useO<rseed<1)

(rseed): 0

Initial Weight File(Activ e if Random Seed= 0) (°name) : testbob882.wts

Input Sub-imageSize(row,col) (in_img_y, in_img x) : 4030

No. of Feature Extraction Layers (Including Input) (nfm_layer) (emsnn

will subtract o®input layer) : 2

No. of FeatureMapsin ead layer (Layer-by-Layer, including Input) (FM_layer[i].nfmap_in)
114

Under SamplingSteps(Layer-by-Layer *Not including Input) (FM_layer[i].under_sample)
12

SE (Structuring Elemen) Size(Fmaps-Orderedin X(col) & Y(row), F_Map-by-F_Map
& Layer-by-Layer) (FM_layer[i].F_Map[j].win_x and .win_y) : 99997

777

File nameto Save Trained Weights (wtsfn) : testbob882.wts

Sizeof input (wholesize)images(row, col) (row_trgt_image, col_trgt_img)

240320

Number of input images(nb_trgt_imgs ) : 34

Number of distinct targets in input images(nb_trgts) : 31

Input image Tenames, No. of targets in eatr le & Certer locations (Row,

Col) :

/users/s/scottgs/researd/pgm/train3.pgm 1 106167
/users/s/scottgs/researd/pgm/groupl3.pgm 1 104271
/users/s/scottgs/researd/pgm/groupl4.pgm 1 104 259

63



lusers/s/scottgs/researd/pgm/groupl5.pgm 1 101258
/users/s/scottgs/researd/pgm/groupl6.pgm 1 106 252
/users/s/scottgs/researc/pgm/groupl?7.pgm 1 107 259
/users/s/scottgs/researd/pgm/groupl8.pgm 1 105270
/users/s/scottgs/researd/pgm/groupl9.pgm 1 100264
/users/s/scottgs/researd/pgm/b ob35.pgm1 100178
/users/s/scottgs/researd/pgm/samT estl.pgmO
/users/s/scottgs/researd/pgm/samT est2.pgmO
/users/s/scottgs/researc/pgm/ew24.pgm 1 127185
lusers/s/scottgs/researc/pgm/ew25.pgm 1 126176
/users/s/scottgs/researd/pgm/ew26.pgm 1 126 166
/users/s/scottgs/researd/pgm/ew27.pgm 1 120166
lusers/s/scottgs/researd/pgm/ew28.pgm 1 126170
/users/s/scottgs/researd/pgm/ew29.pgm 1 125167
lusers/s/scottgs/researcd/pgm/ew33.pgm 1 121179
lusers/s/scottgs/researd/pgm/ew34.pgm 1 124171
/users/s/scottgs/researdi/pgm/ew35.pgm 1 130173
/users/s/scottgs/researd/pgm/ew38.pgm 1 124 169
/users/s/scottgs/researd/pgm/ew50.pgm 1 10198
lusers/s/scottgs/researd/pgm/ew51.pgm 0
/users/s/scottgs/researd/pgm/ew52.pgm 1 96 143
/users/s/scottgs/researdi/pgm/ew53.pgm 1 97 128
/users/s/scottgs/researd/pgm/ew57.pgm 1 10059
/users/s/scottgs/researd/pgm/ew69.pgm 1 89 127
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/users/s/scottgs/researd/pgm/ew70.pgm 1 103188
/users/s/scottgs/researd/pgm/ew96.pgm 1 98 173
/users/s/scottgs/researd/pgm/ew97.pgm 1 89 127
/users/s/scottgs/researd/pgm/ew100.pgm 1 78 81
/users/s/scottgs/researdi/pgm/ew101l.pgm 1 92 173
/users/s/scottgs/researd/pgm/zonel.5ctl.pgm 1 91 177
/users/s/scottgs/researd/pgm/zonel.5ctr.pgm 1 91 164

A.2 Scanning Parameter File

Sizeof the Input imageto be scanned(Row X Col) : 240320
Number of feature extraction layers (including input layer) : 2
Number of feature mapsin ead layer (excluding input layer) : 4
Undersamplingrate for ead layert layer) : 2

Sizeofthe SE:99997777

Number of FFN LAyers (exluding input layer): 3

Number of units in the Feedforvard network (Hiden-Out) : 8 8 2
Weight Te name: testbob882@125.wts

Sizeof the subimageusedfor training (RowXCol) : 40 30

File nameof the Input imageto be scanned:

/users/s/scottgs/researd/0821/705
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App endix B

Training Image Database
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Figure B.1: Compilation of Training Images

bob35.pgm ew24.pgm

ew25.pgm ew26.pgm
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ew27.pgm ew28.pgm
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ew29.pgm ew33.pgm

ew34.pgm ew35.pgm

ew38.pgm ew50.pgm
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ew51.pgm ew52.pgm

ew53.pgm ewb7.pgm

ew70.pgm ew69.pgm
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ew96.pgm ew97.pgm

ew100.pgm ewl01l.pgm

train3.pgm groupl3.pgm
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groupl4.pgm groupl5.pgm

groupl6.pgm groupl?7.pgm

groupl8.pgm groupl19.pgm
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samTestl.pgm samTest2.pgm

zonel.5ctl.pgm zonel.5ctr.pgm
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App endix C

General Testing Images
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Figure C.1: Initial GeneralTesting data, 128images.
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